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RL agents mess up sometimes, and operators wantto No XRL method currently allows users to define a
investigate why. XRL methods explain a single action behavior and receive an explanation for it; no XRL
at a specific point in time; we propose developing survey defines an expression for behavior. We provide
XRL methods that explain recurring patterns of actions a cross-taxonomy of explanation targets across XRL:
specified by the operator.
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Table 2. A cross-taxonomy of XRL methods according to their explanation targets. The teal cells indicate the corresponding
categories in three surveys.

We show how three existing explainability methods
Domain Behavior ~ Metric 115, 16, 17] may be adapted for BXRL. We provide an
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Examples of behavior measures in different domains:

Driving Tailgating ~ m(7) := Eoup,,,. |1 — mo(slower | o))
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call for the XRL community to develop methods that
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Trading Risk appetite m(7) := Eop||po(0)]]

Recommenders Popularity bias m(m) := E,.p [ZZ € top-k 7o (1 | o)]
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Table 1. Examples of expressing behaviors in different domains as a measure m(7w). D is a fixed observation distribution, E'

independent of 6, ensuring the full computation from 6 to m(m,) is end-to-end differentiable. Subscripted variants (D, .., D, 1cec) C O d e . g l _t h U b com / H uman C om p 3 _t l b -L e A I / H l g h J X

restrict D to scoped situations. Practitioners may draw observations from rollouts of a reference policy, a replay buffer, or construct
them synthetically.
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m Timestep 80.60/152.33 Reward: 1.00 V: 18.1413 Return: 19.08 LogP: -0.185 Adv: 0.524 NAdv: 0.300
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